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RL Basics
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Dynamic Programming
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Q-Learning
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Outline

* Overview

 Basics

* Dynamic Programming

« Q-Learning

* Deep Reinforcement Learning

* Deep Q-Networks (DQN)

« Advantage Actor-Critic (A2C)

* Asynchronous Advantage Actor-Critic (A3C)
* Applications
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* Deep Reinforcement Learning



Deep Reinforcement Learning

1. ZHFIEE, AL FH Y| oA ?
S T2 3jYo| oA

(1) AlAt EFE (ie. 5x5 12| E Y ET} OfL| 2} nxnO|2HH?)
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Deep Reinforcement Learning

1. ZHFIEE, AL FH Y| oA ?
M 22 Yol oA

(1) ALt = E (i.e. 5x5 12| = EET} OfL|2f nxnO|2}H?)

(2) XFRIO| K= (je. A2|E YEXN I 2XHRI0| OFL| 2} nX}-2I0|2FH?)
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Deep Reinforcement Learning
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Deep Reinforcement Learning
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Deep Reinforcement Learning

2. A&t D7 H3t & AL
(1) =A2}?

1.5

2 data points
orger 1
- arder 2
order3

https://riptutorial.com/ko/matlab/example/23720/%EB%8B%A4%ED%95%AD%EC%8B%9ID%EB%B3%B4%EA%B0%84%EB%B2%95
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Deep Reinforcement Learning

2. Ao Dh7i H2t & A}
(2) Oh7H H =212

1.5

1 =

0.5 |

Oi7) M5 Bt 2 7|EO| HO|HE
[Ct2kM 7| E2| HIOlE g4 = AFEOHA| &

ax3 + bx*+cx+d

- (a,b,c,d): 7 H=

T 228
=
=



Deep Reinforcement Learning

3. Deep-SARSA
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Deep Reinforcement Learning

3. Deep-SARSA s,
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Deep Reinforcement Learning

3. Deep-SARSA
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Deep Reinforcement Learning

3. Deep-SARSA

(3) B MAOAM = QALSHE B (Gradient-Descent)S 0| 2310
FEUERIE UHO|E.
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Deep Reinforcement Learning

4. Policy Gradient

1) X| 2 7HK| Ui S Zststs HiHELS
| 7
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Deep Reinforcement Learning

4. Policy Gradient
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Deep Reinforcement Learning

4. Policy Gradient
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Deep Reinforcement Learning

4. Policy Gradient

H & Z|Cizt 517 9l6l BAe S E(Gradient Ascent)= AFE
O:11 = 0; + aVyL(0), a : learning rate

« O|=A %E&—’,\—Q_l TS| MAHS AAMAMESEH O 2 0| E 8=
|O._1§(Pollcy Gradlent)Ef ot

= >y (5) ) Vo p(als)an(s, @)

21

Policy Gradient Methods for Reinforcement Learning with Function Approximation - Richard Sutton



Deep Reinforcement Learning

4. Policy Gradient

O:11 = 0; + aVyL(6), a : learning rate

VoL(6) = ‘7977719 (So)
= Y dry (5) ) Ty mp(als)an(s, )

Ay (s): sEHS AERO] OO|HETI U S 25

(8) =, 7t Z= SEHO| CHol 4 JEfUN S8 A= = M
e Tl 7
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Deep Reinforcement Learning

4. Policy Gradient

ToL(0) = ) dny () ) Vpme(als)an(s, @)

D dny () ) mo(als)

Vg mg(als)

mg(als)

=) ey () ) mo(als)

7|58zt l

A= (S, a)

Vg logmy (als) q, (s, a)

= Eny [ Vg logmg (als) qr(s,a) ]

() Opp1 = O + af Vglogmg (als) g (s, a)]
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Deep Reinforcement Learning

5. REINFORCE

(1) REINFORCE ¥ 11 2|F0|zh e Xp2|of &t

Orv1 = 0 + a| Vglogmg (als) G¢]

(2) 72 (loss function)
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Detour: Cross Entropy

Entropy H(X) = —ZP(X = x)logy, P(X = x)
X

HNE=Z0O £Cf > o %= ottt

=1

Cross Entropy H(X) = —Z)’ilog Di »Di —= Vi
i
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l L

25



Deep Reinforcement Learning

5. REINFORCE

-dE

http://bitly.kr/PgeEobT8WVFE
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Deep Reinforcement Learning

LT Bt

1) =HZIEE, &AL A2 2| otA =2

2) Deep SARSAE! F 010I7}7

3) M J|H LSS0 AME AL BESH=T1
4) REINFORCE2t 29 0,_I7f'>

5) AZA NEZ Tt 27 218 o|0|sh=7}7
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* Deep Q-Networks (DQN)
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Deep Q-Networks (DQN)

1. Deep Q-Networks

* Playing Atari with Deep Reinforcement Learning
(Minh et al. NIPS Deep Learning Workshop, 2013.)0]| &7} =l L&

Q(Se, Ap) <« QS 4p) + a <R + Y max Q(Se+1,a") — Q(St»At))

- 07| Qixs 25 E8= 0|80t HEld ML= ot A

29




2. Cartpole

Deep Q-Networks (DQN)

* OpenAl GymOf| M K|S dt= A =td

30



Deep Q-Networks (DQN)

2. Cartpole

» Markov Decision Process (MDP)

1) & Eli(state) : 7tEL| {X|, £, B[ 4k, 45

= [x,x,8, 9]

13

2) = (action) : €1F(0), LE

= [« =]

(1)

31



Deep Q-Networks (DQN)

2. Cartpole

» Markov Decision Process (MDP)

3)Eo(reward) FHEZ0| MK K| %1 BE[= AlZH

o Bt 9 2

S50, 10=2F HE[H E4 2 +10

7|4 E+$|7r Z7F OfL|2f Ef A H

CH 500EFAAEITEA| HE = JUZ. 242 +500
{t0f| ZFEZ=0| A 2{X|H -100
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Deep Q-Networks (DQN)

2. Cartpole

» Markov Decision Process (MDP)

4) Z+7+2 (discount factor) : Q&t=0f| CH St discount

- 0.99

33



Deep Q-Networks (DQN)

3.1E 4

Training Loop | — > FReplay Memory
1. choose random / policy acton
2. sample env
3. record memory update
4. optimize
5. occasonal 1arget_nel update "'“‘-:hnn:nsc_____
action Palicy Net

Target Net

_H‘raﬂd-:-m batch

Optimize (4)

http://bitly.kr/e2VNQpPOFHNM
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Deep Q-Networks (DQN)

3. 3C M
e E

nvironments

1 # CarPole-vl 2tA ., v1£ X0} E}_IAEl 500, vO= Z|CH EF& AE 200
env = gym.make( CartPole-v1")
state size = env.observation space.shape[0O] # 4

action_size = env.action _space.n # 2
print(“state_size:", state_size)
print("action _size:", action_size)

- CartPole-v0 2} v12| XtO|= Z|CH EfAHIO]
- state_size =4 (7IEQ| {K|, S, 22| 4

7|
- action_size =2 (21Z2 2 F20|7|, LEZCE

NI
N
J\l
N
(@)
o
(@)
(@)
=2

35



Deep Q-Networks (DQN)

3.0 MO

1 DAQNAgent :

* Training

1 # DON Of|O| 8 E M A
2 agent = DQNAgent(state size, action_size)

- 22X (class)2t?
HAZH (0E=H

- DQN £ 7}X| = agentE &
- O] I agentE 2} H|(object)zt
- DQN Agent ?7?7?

https://wikidocs.net/28
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Deep Q-Networks (DQN)

A H def _init (): 22 E AIE
= O Asoz2 HAE

1 # DON Ol|O0| ™ E M A
2 agent = DQONAgent(state _size, action_size)

J| Ao
state_size ff 4
e = action_size ff 2
ol Al H decay &
H22 0 20|3H DHFEH S5

37
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Deep Q-Networks (DQN)

state_size ff 4
action_size # 2

ol Al H decay =

o220 201F 2UFH =5

i lon_min

38



Deep Q-Networks (DQN)

3. 3C M

self.epsilon = 1.0 # epsilon0| 10|H FxH -

(] T NI g _> Ag t self.epsilon_decay = 0.999
rainin en self.epsilon_min = 0.01 # X[SA0l &S 2ol epsilons 022 THSA| &

- O —/ — —

- Ef2l0| ZH O| R 0| X[ X| E=LHH X 20| S5tEH HST A= Lotet

-0 EE0 XE E2 Ml [, »,«, -, «, 0] E 71 22| HEICHH
A0 OAEE [, 5,«, -, «, o] 280 5 OIS S22

- O|EHA| o= ot&0| RME[H Ot 7| M Z 0] ot& Z=HH0]|= epsilon
U= 12 FM AS AR dS= oA st

- epsilon0i| epsilon_decay #f= A= &M epsilon 2= 2 A ST

- %A S HE FA W U= 20 XM W52 S0

- epsilon #f<2 epsilon_min 0|3} 2 HO{ X|X| =C}

39



Deep Q-Networks (DQN)

-] DN = O —

=2 A9

= state_size ff
= = action_size
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b
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eps i lon min
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Deep Q-Networks (DQN)

3. ——T_l—E AE-I %:l self.batch size = 64
self.train_start = 1000

* Training -> Agent

# 2l =220] H2el., =32 2000
2) # deque : 7O QA Al ALHIDE Jts

self._memory = deque(maxlen = 2000)

HE(s,ar,s) o+ ME(s,a,r,s)
| (s,a,rs’)
(s,a,rs’)
oIO| M E L
(Cl=AlE2h
ot& O|O|E [~ Batch (s,a,r,s’)

Replay Memory 41
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Deep Q-Networks (DQN)

state_size ff 4
action_size # 2

ol Al H decay =

o220 201F 2UFH =5

42



Deep Q-Networks (DQN)

3. 3C M

* Training -> Agent

# he uniform :
i OtsX =02t
bui ld_model (self):
model = Sequential ()
model .add(Dense(24, input _dim = self.state size. activation = ‘relu’, kernel _initializer = "he uniform'))
model .add(Dense(?4, activation = ‘relu’. kernel _initializer = "he_uniform"))
model .add(Dense(self.action size, activation = 'linear'. kernel initializer = "he uniform'))
model . summary()
model .compile(loss = 'mse’, optimizer = Adam(Ir = self.learning rate))
mode |

v
v
v

O
v
v
v
v

O

@
v
v
v
v
O

\
v
v

Q-values
States Hidden Layer Hidden Layer Hidden Layer 43



Deep Q-Networks (DQN)

* Training -> Agent

-Q(Sp Ar) <« QS Ap) + a[Reyr + ¥ max Q(Sir1,a") — QS Ap)]

)

3

a

2 B

44
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Deep Q-Networks (DQN)

state_size ff 4
action_size # 2

ol Al H decay =

o220 201F 2UFH =5

45



3.

Deep Q-Networks (DQN)

1t 28

* Training
# &S 82| & A7t T

b. Epsilon Greedy AlgorlthmOI 27 He5t O|lF=7
c. Replay MemoryZt? 2%t O| =7

d. Target NetworksZt? Z 3t O| R &7

46



Deep Q-Networks (DQN)

AC MY
* Training

1 scores, episodes = []. []

N_EPISODES = 300
e range(N_EPISODES) :
done =
score = 0

# env =79}

# state®] 2QF : 4

state = env.reset()

I state?] QF - 4 > 1 x 4

state = np.reshape(state, [1, state size])

2
3
i
9
6
1
8
g
10
11
12

- scores : rewardE oF O | A~ E e OFCF M &S
-reward H= |15 HRY 7| E0 He[E £
- episodes : Y| I|A~E HZ Z K&

- scores2 episodesE 2| A E(list)2 MASIE O|F+= FOM OA2jmE
ae2|7] fIsiAM Y.

- ex) scores: [ 43, 42, 88, 125, 44, ...] / episodes: [0, 1, 2, ...]



Deep Q-Networks (DQN)

3.0 MO

* Training

1 scores, episodes = []. []

N_EPISODES = 300
e range(N_EPISODES) :
done =
score = 0

# state®] 2QF : 4

state = env.reset()

I state?] QF - 4 > 1 x 4

state = np.reshape(state, [1, state size])

2
3
i|
5
6
7
8 # env =79}
g
10
11
12

episode:
episode:
episode:
episode:
episode:
episode:




Deep Q-Networks (DQN)

AL MY
* Training
1 scores, episodes = []. []
2
3 N_EPISODES = 300
i| e range (N_EP1SODES) :
3 done =
b score = 0
y
8 # env =79}
9 # state®] 2QF : 4
10 state = env.reset()
11 I state?] QF - 4 > 1 x 4
12 state = np.reshape(state, [1, state size])
- state = env.reset() : 5= ¢t statedt 7|3t Y2 4

=

-SH50| HO|E Q|8 statel] TY S 4 -> 1 x 42 HEtSH
(FIolA XEMIS| A EH e

- 220|411, 2,3, 4]

- 20l 1x4:[[1,2,3,4]]



Deep Q-Networks (DQN)

# done : false QCIIF oF O AS2F ZULIH Trueg Hf2

done:
# render = True O|H StSHA HO S
agent.render:
env.render ()

¥ o] AlEllE =S MEH
action = agent.get action(state)

-done : HO|AE 522 A= False. 0| I AE7F ELFH True
- while not done : done2 False, not done& True. while True= FotEHE
- Fotdt s SICHtF doneO| True=2 B M AL D CFF oI~ RIS

-render : True™ st5GM & = UZ. colablf| M X|&SHX| = 7|5

(Pycharm!)
- ATy stateOf| A get_action S S| Y= 2H
- agent.get_action ?7?
50



Deep Q-Networks (DQN)

3.0 MO

. Tralnlng -> Agent

get_action(self, state):
#2<=3: ”“”H*wﬁ}'\m 4Wl}i‘WW*P—ETHHH1FI
i u;,.[mum rand() : O~1 ARO i/ np .random.rand(5) : O~1 }H\
# random.randrange(5) @ 0~Z S| &<~ / random.randrange(-5,5) :
np.random.rand(} <= self.epsi _
random. randrange(self .action_size)

i g value = [[-1.3104991 —1.6175464]
QC [ }:

]

J_Va lue [[i:‘] = [_1 ’ I 61754 Jiﬂ

i np.argmax(g_value[0] ) = —-1.3104991

g_value = self.model .predict(state)
np .argmax(q_value[0] )

- np.random.rand() : 0~1 AtO| 2| A= 17|

- self.epsilon : O}/ Z3M & Epsilon Greedy Algorithm2| epsilon %k

- &, epsilonzfO| G AW 22| HS(RZF or LEZ L= F2/0[7])
- 17 ofL 2t ALt 1ol QifE & O & WS et

91



Deep Q-Networks (DQN)

self.batch_size = 64
self.train_start = 1000
3.1 4% -
# 2lZ2d0] 2, =Cj2a2| 2000
o # deque : O AZ0A &g AHHIDL Jts
o Tralnlng self.memory = deque(maxlen = 2000)

# clSd0] M2l ME <s.,a.r,s > A&

agent.append sample(state, action. reward, next state. done)
i 0 EtAASDICT StS=

# self.train_start = 1000
# 0| ot= Olsgs= DANOIAl = BHXI 2 stSol)| =

=R

Rl PHAl 71CHe OF oI =.

len(agent.memory) >= agent.train start:
agent.train _model ()

score += reward
state = next state

-O|2AH ¢ 2 WE <s,a,r1, 8, done>= 2|2 0| 2|0 =7}
- 0 ERE A X E MZ 10007171 20|H k5 A%}

- train_model() ??7?

52



i l%z t%'l 220l BHX] AtOlZ= BHS 4

r*] ||C~:3|4:l'

self eps I| n > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
target_val = self.target_model.predict(next_states)

ﬁ%@iﬂi@E!%
,ﬁf amax r—-\rT_‘ arral L=
i ran'w\self batch_size):
# actions[i] : 0 or 1
il ¢ False or True

target[t][actions[i]] rewards[i]

target[il[actions[i]] = rewards[i] + self.discount_factor * (np.amax(target_vall[i]))

.\ verbose = 0)



i 2l =20 DHSE 2l 0l BHX] AtO|= OFS F2
train_model(self):
self epsilon > self.epsilon_min:
self.epsilon *= self.epsilon_decay

(=]

¥ H220A ix|] 22|8t=

#f mini_batche| 22 64 x 5

¥ np. 'm|nJ_tjt_tﬁ

minl_batch random.samp |le(self .memory, self.batch_size)

0 =) = = —

0 C0 C0 O

I
o

¥ 2o | =0l
¥ model . Tlf"i ates
If”t t1 m

¥ np 2
states = np 5 _size, self.state_siz }) ¥ 64 x 4
next states = np _cr-"'self batch_size, self.state_size)) # B4
actions, rewards, dones = [], [], []

]':

0 O

e =
—~+

0 Q0 (
M=) —= O
T
(75
{1

Lo o o e I e )

i i~t «;;~ui am;\H"elt. state, action, reward, next_state, done):
it 64
X3 : np.sha

i rﬂnlwkself batc h ~|_cJ-

states[l] = mini_batch[i][0]

1[1
][
[i

1]

0 C

D D ()
D =-JO M W) — O W[

actions.z d{mini_batch[i
rewards .append(mini _batch[i
= mlnl batch

[«

O O O C

)

)
]3]
)

O«
O«

t target = OIFH 2EfO] CHer REQ| et
target_val = CtS teiOfl CHSF ErN BE9O| Rt
sel|f.model = self.build_model()

sel|f.target_model = self.build_model()
target 2| size: 64 x 2
target_val 2| size : B4 x 2
target = 8clf.mudcl.predict(states)
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Deep Q-Networks (DQN)

# HZe|0lA BHXl 20|10t FA2
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* Training -> Agent
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Deep Q-Networks (DQN)

3.3E A4 target 2 BIA ALEHO| CHSH DElo)
target val £ C}=S AFEjO] [Hol Ef2
. . self.model = self bui ld _model ()
d Tra|n|ng -> Agent self.target model = self.build model ()

target ©| size: 64 x 2
target val ©| size : 64 x 2
target = self.model .predict(states)
target_val = self.target _model .predict(next_states)

d1| 42 d1| 92

target target val
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amax 2t== array 2| F[CHgfS Ul
q E A—l D:' i range(self.batch_size): #
3_ 4 2 0O # actions[i] : 0 or 1
# dones[i] : False or True
dones[i]:
target[i][actions[i]] = rewards|[i]

* Training -> Agent

iarget[i][actions[i]] rewards[i] + self.discount factor * (np.amax(target val[i]))

1) If dones[i] == False / &, 2t O| I~ E=7} OF&] ELEX| @S

-else 202 S0

d1| 42 d1| 492

target target val
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Deep Q-Networks (DQN)

i sk =& SR ALS 0] Eet HH0] E ERN
# amax 2f+= array 2| Z|SHZtS BtStol= g
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R . S — E (@) # actions[i] : O or 1
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2) If donesli] == True /5, 2t O T[AE7 E5S

[ fRoz so{Z

d1| 42 d1| 492

target target val
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self.batch_size = 64

3 :l - AE-I D:| self.train_start = 1000
) o # 21=0] M=2l. = 37| 2000
o ¥ deque : O AZ0|AM & AHHIDL JOts
° Tra|n|ng self.memory = deque(maxlen = 2000)
# clSd0] M2l ME <s.,a.r,s > A&
agent.append sample(state, action. reward, next state. done)

i 0 EtAASDICT StS=
# self.train _start = 1000
# Ol of= Ol5= DONOI|Al = BHXIZ2 stSol)| =0l MH=0] =™ S 2 PHAl V| CiH OF o 2| =.

len(agent.memory) >= agent.train start:
agent.train _model ()

score += reward
state = next state
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3.0 MO

* Training
done:
# 2 HlOl=S0ICH el 222 229| JisAlIZ2 4|0

agent update_target_modelfﬁ

SCOre = score score == Bl score + 100

score, " memory length:", len(agent.memory), " epsilon:", agent.epsilon)

# 0| 1000 ol d+ BZ0| 4802CH 2H st ST
# np.mean([1, 2, = 2.0 / np.mean() :
Enin(l1, 2, 3]) ; min ¢

D QO0 ~-J N C

10, len(scores)):]) > 490:
(" _model"):

[ W T N

0S. makedir

agent .model . save_wei ght s( e_nodel /cartpole_dan.h5")
sys.exit()

=) =) =) N CN N NN =y

~N —
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3.0 MO

* Result

o
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« Advantage Actor-Critic (A2C)
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Advantage Actor-Critic (A2C)

A2C = HH O|E 20| + Z2|A| A2C|HE

1) % O|E{2{ 0] M (Y

T+ )
E

ITE
o
- S It JhK| 2 B0

2

Iteration k Iteration k+1

Vees Va(s) = ) m(als) (RE + yv(s")

acA

69



Advantage Actor-Critic (A2C)

A2C = HH O|E 20| + Z2|A| A2C|HE

1) & O[O M (H& TIt + YA 2HH)
Y™ U ek ME

Vses Vu(s) = ) m(als) (Rs + yv(s))

]

acA

qr(s,a) = R + yvg(s)

n'(s) = argmaxq; (s, a)
a€eA
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Advantage Actor-Critic (A2C)

A2C = HH O|E 20| + Z2|A| A2C|HE

2) c|A| DG CIHE

LM U R M

=
- S 7L 7Kg "0 E

—> Policy Networks

w'(s) = argeext; (s, a) .
— a€A (Policy Improvement)

0 ~ 0, + a| Vhplogmy (als %
1 ~ 0 + afVglogmy (al )N"a'“e Networks

(Policy Evaluation)

|

q function approximation
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Advantage Actor-Critic (A2C)

A2C = Policy lteration + Policy Gradient

2) Policy Gradient
S T 7k A (Actor)

—_ 1
« JM B7h: 7tX| el & 0|O| E (Critic)
O0p = Rep1 + Y Vou(Ser1) — V,(s¢) ,0, ¢ Adventage function

Ocv1 = 0 + al|Vplogmg (als) &, ]
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Advantage Actor-Critic (A2C)

l Back Propagation
Policy
Networks Cross Entropy
Tt A
Input approximation X
Value
Temporal-Difference
Networks error
Vy

Input

T Back P '
feature vector of state ack Propagation 73

approximation




Advantage Actor-Critic (A2C)

* Loss function

= Cross Entropy of Policy Network output * q function (Value Network output)

MSE = (Answer — prediction)? = (Repq + ¥YVo(Ser1) — Vo (Se))?

(for Value Networks )
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Advantage Actor-Critic (A2C)

-dE

http://bitly.kr/mwAFCjjrAjV
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* Asynchronous Advantage Actor-Critic (A3C)
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Asynchronous Advantage Actor-Critic (A3C)

1. DQN2| EFA2

(1) E0-CIES| DQNO| M= 2| E8|0| | 22| 2 1,000,000 37| 2
22| E AtET.

(2) ek M 22| S E50| ArX[otH ot50| L2l S 8= 7t
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Asynchronous Advantage Actor-Critic (A3C)

2.A3C
(1)DQNA & B2 dE55 2211 HEte| ditds Blo=7l
OfL|2t OH*OH O] HEZ O 7] ArE

2) HES 22+ Z 00| E= AE 2{H(Actor-Learner)2f 11 &
(3) metM MEZLHE WHEH7I 2o = ME2 AHabdo| Eo{ &

(4) O] 2p°80| H| 57| 2| HEf= O|FO{X| 7| =0
Asynchronous2til &
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* Applications
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Appendix: Genetic Algorithm(GA) vs DP

7|EI—I O] 94@% |:||%

— "1 = L

* Genetic Algorithm

https://untitledtblog.tistory.com/110
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On-Policy vs Off-Pol

Appendix

* On-Policy
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